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ABSTRACT
This article explores in depth a watershed concept to partition the universe, intro-
duced in Dupuy et al. (2019) and applied to the Cosmicflows-3 observational dataset.
We present a series of tests conducted with cosmological dark matter simulations. In
particular we are interested in quantifying the evolution with redshift of large scale
structures when defined as segmented basins of attraction. This new dynamical defini-
tion in the field of measuring standard rulers demonstrates robustness since all basins
show a density contrast δ above one (mean universe density) independently of the sim-
ulation spatial resolution or the redshift. Another major finding is that density profiles
of the basins show universality in slope. Consequently, there is a unique definition of
what is a gravitational watershed at large scale, that can be further used as a probe
for cosmology studies.
Key words: large-scale structure of Universe
1 INTRODUCTION
One of the most basic tenets of modern astronomy is the
Cosmological principle, namely that the Universe is isotropic
and homogeneous on large enough scales. The galaxy distri-
bution is uniform in all directions above the scale of inho-
mogeneity. Below this scale, matter and galaxies are concen-
trated into clustered regions connected by filaments, while
some locations are empty with very few galaxies. This fila-
mentary structure forms a complex network defined as the
cosmic web (Bond et al. 1996). With time, these large-scale
structures gradually evolve into more compact structures.
The clustered regions and filamentary structure of the Uni-
verse becomes more and more emphasized, while voids are
drained.
The Cosmic Web is one of the most intriguing and
striking patterns found in nature, rendering its analysis and
characterization far from trivial. This is evidenced by the
many elaborate descriptions in the literature. Some of these
are based on observational data, namely redshift surveys
(Arago´n-Calvo et al. 2007, 2010; Aragon-Calvo & Yang 2014;
Sousbie et al. 2008; Gonza´lez & Padilla 2010; Sousbie 2011;
Falck et al. 2012; Falck & Neyrinck 2015; Alpaslan et al.
2014; Tempel et al. 2014; Ramachandra & Shandarin 2015;
Tempel et al. 2016; Leclercq et al. 2017). Others make use
numerical simulations where the full 6-dimensional matter
phase space is known (Hahn et al. 2007; Forero-Romero et al.
2009; Hoffman et al. 2012; Kitaura & Angulo 2012; Cau-
tun et al. 2013). According to these schemes the large-scale
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structures is often classified as knots, filaments, sheets and
voids. All of these various methodologies, and others, are
reviewed and compared in Libeskind et al. (2018). We note
that unlike how the virial theorem defines a dark matter
halo, there is no theory (beyond Doroshkevich 1970) that un-
ambiguously defines large scale structures. Therefore, these
methods do not give a unique definition of what a large
scale structure is. Additionally since large scale structure
is a multi-scale phenomenon, most of these measurements
depend on the scale (or resolution) of the problem.
On another hand, the term supercluster is often used to
define as an overall entity, the ensemble of knots, filaments,
sheets and voids that form a recognizable structure (Gio-
vanelli & Haynes 1985; Tully & Fisher 1987; Lynden-Bell
et al. 1988; Geller & Huchra 1989; Gott et al. 2005; Lietzen
et al. 2016). More specifically, superclusters are not gravita-
tionally bound in a Universe which is expanding. However
as this term is not rigorously and physically defined it has
also been applied to structures that are at rest in the cosmic
microwave background. In this sense, they can be defined
as basins of gravitational attraction - watersheds - at rest.
The term of watershed has been introduced in cosmology,
for example by Platen et al. (2007), to partition a density
field into cosmic watersheds. Looking at an instantaneous
moment of the Universe (today), Tully et al. (2014) intro-
duced a new kinematical definition of superclusters: basins
of attraction (see also Pomare`de et al. 2015). We note that
this is the first definition of superclusters based on dynamics
(and not, for example, on arbitrary metrics). In addition to
this new definition, one can identify volumes that are dual
© 2019 The Authors
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to the basins of attraction: the basins of repulsion (Hoffman
et al. 2017; Courtois et al. 2017).
Pursuing the development of this concept, Dupuy et al.
(2019) proposed a new method to automatically partition
the universe into gravitational basins, by using a pecu-
liar velocity field and streamlines. This new methodology
has been applied to a velocity field reconstructed from
the Cosmicflows-3 catalog of observed peculiar velocities
(Graziani et al. 2019). The success of Dupuy et al. (2019) was
the ability to apply a theoretical concept to a reconstructed
universe, thereby identifying real structures via their signa-
ture in the peculiar velocity field. Moreover, the new tech-
nique introduced in this paper allowed to confirm kinemat-
ically the hidden Vela supercluster, discovered by Kraan-
Korteweg et al. (2017), from the Cosmicflows-3 data (Cour-
tois et al. 2019).
Gravitational watersheds result from the intertwined
effects of gravitation and expansion playing on very large
scales. The growth rate of such large scales structures with
time, is a direct measurement of the cosmology. These are
also the largest structures known in the Universe. Studying
their size and shape can give clues on how the total (bary-
onic and dark) mass is distributed, and consequently help
discriminate between Dark Matter (DM) models since for
example WDM clusters less than CDM. It is also yet to be
discovered if there are scale free relations, induced by astro-
physical processes, in sizes and density profiles of such large
scale structures.
In this paper, the segmentation methodology intro-
duced previously in Dupuy et al. (2019) is applied to a
ΛCDM dark matter simulation in order to conduct a series
of tests. More specifically, the main goal is to study the cos-
mic evolution of large-scale structures when they are defined
as gravitational basins. The partitioning algorithm is tested
at various scales and various redshifts in order to quantify
the evolution with time and scale of various properties of
basins, such as their mass or mean density.
The paper is organized as follows. After this short intro-
duction, the simulation considered throughout this paper, as
well as the segmentation algorithm, are described in Section
2. Section 3 presents the results and is organized as follows.
After testing the various algorithmic parameters on z = 0
basins of attraction in Section 3.1, we move in Section 3.2
onto a discussion covering the time evolution of basins of
attraction, with analyses of their total number, respective
volumes and masses. The paper ends with a short conclu-
sion in Section 4.
2 METHODOLOGY
In this section, the newly developed segmentation method-
ology, and the cosmological numerical simulations used
throughout this study, are briefly described.
2.1 Simulations
For this article, the “Small Multidark” simulation (SMD)
is used. SMD is part of the Multidark suite of N-body
simulations1 (Klypin et al. 2016). This is a dark-matter-
only N-body simulation of 38403 particles that assumes a
ΛCDM power spectrum of fluctuations according to the
Planck cosmological parameters (Rodr´ıguez-Puebla et al.
2016; ΩΛ = 0.69, ΩM = 0.33, σ8 = 0.83 and H0 = 67.77
km s−1 Mpc−1). The simulation is carried out in a box of
side length Lbox = 400 h−1Mpc and thus achieves a mass res-
olution of 9.4×107 M/h per particle and a spatial softening
length of 1.5h−1kpc.
A clouds-in-cells (CIC) algorithm has been applied to
the SMD simulation in order to derive the density and ve-
locity fields in a 2563 grid, from the distribution of the parti-
cles in the simulation box, resulting in a spatial resolution of
1.5625 Mpc/h. For the tests presented in this article, a final
Gaussian smooth is applied to the velocity field, with vari-
ous smoothing lengths rs = 1.5 Mpc/h, 3 Mpc/h, 5 Mpc/h,
7.5 Mpc/h, 10 Mpc/h, 12.5 Mpc/h and 15 Mpc/h.
2.2 Segmenting the Universe
The methodology considered throughout this paper to parti-
tion the simulated Universe into gravitational basins makes
use of streamlines - i.e. computed integration curves which,
in the case of a time-independent linear velocity field, are
the paths tangent to the local value of the velocity field. The
three main steps of this algorithm are: computing stream-
lines, identifying locations of attractors (or repellers), deriv-
ing their corresponding watersheds, ie basins of attraction
(or repulsion). The reader may refer to (Dupuy et al. 2019)
for a more detailed description.
The first and main step of this method is to generate
streamlines starting from every voxel of the velocity grid.
One can generate a streamline ®s, from a given seed point
®s0, by integrating spatially the components of the velocity
field ®v. The integration is carried out by the fourth order
Runge-Kutta numerical integrator (RK4) after setting two
parameters: the maximum number of integrations, which de-
fines the length of streamlines ls, and the the integration step
∆τ. The direction of integration, i.e integrating ®v or −1 × ®v,
allows to visualize basins of attraction (BOA), or basins of
repulsion (BOR) respectively.
Secondly, the center of the basins - the locations where
streamlines converge/end, the critical points of the veloc-
ity field - need to be identified. Such positions can be de-
tected by looking only at the end-point of the streamlines,
i.e the positions at which streamlines have been terminated.
Namely, the number of terminated streamlines is computed
for each voxel. Attractors (or repellers) can be easily iden-
tified as they correspond to the local maxima of this value.
In order to find such local maxima, a simple approach is im-
plement in the algorithm: the grid is scanned voxel by voxel,
and if the value of a given voxel is greater than the 26 voxels
that are adjacent to it (namely than those that share either
a face, an edge or a corner), then it is considered a local
maximum. In order to scan the grid faster and skip voxels
that are less likely to correspond to local maxima, one can
add a threshold ns,max on the number of streamlines ending
in a voxel, i.e while the 3D grid is scanned, only the voxels
that have a value greater than this threshold are checked.
1 see https://www.cosmosim.org for more detailed information.
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This is equivalent to setting a threshold on the volume and
size of the basins.
Lastly, the gravitational basins are built by linking the
seed-points voxels of the streamlines to their respective sin-
gle end-point voxel (local maxima - attractors or repellers).
As, in our case, each voxel represents the seed point of a
streamline ending at one of the local maxima locations, each
voxel that is not a local maxima can be allocated to the basin
in which its streamline stops.
3 RESULTS
This section is organized as follows. First, the parameters of
the algorithm described in the previous section, are tested
on the present-day (z = 0) simulated velocity field. After-
wards, the segmentation methodology is applied to various
redshifts of the SMD simulation, in order to study the ex-
pected cosmic evolution of gravitational basins.
3.1 Properties of z = 0 basins
In this section we examine how the properties of z = 0
basins are affected by algorithmic choices. A fiducial Gaus-
sian smoothing of length 1.50 Mpc/h is applied.
3.1.1 Algorithmic parameters: ls, ∆τ, ns,max
As stated in section 2.2, the computation of streamlines
requires to set two parameters: the maximum streamlines’
length ls and the integration step ∆τ.
Figure 1 shows the same three XY slices centered on
Z = 0 Mpc/h. The three panels display the segmentation
of the SMD present-day velocity field, where the maximum
streamlines’ length has been set to three different values:
ls = 7.8 Mpc/h, 78.1 Mpc/h and 468.8 Mpc/h respectively.
A total of 10 different values for ls have been tested, but for
the sake of clarty, only 3 of them are shown here. Note that
the largest length tested here is higher than the size of the
grid (400 Mpc/h), thus it corresponds to the largest length
we should test. Each coloured enclosed region represents a
2D slice through a single basin of attraction. On the left
panel, some fingerprint-like patterns can be observed, while
they tend to disappear as the streamlines length are allowed
to be longer, as one can see in middle and right panels. Such
patterns are artificial and are due to the abrupt cessation of
streamline length - their existence suggests that the stream
line length limit is too small. Some additional flaws can still
be seen in the middle panel. For example, some tiny basins
can be identified inside the larger basin located, for example,
at X= −150 Mpc/h and Y= 50 Mpc/h. These small basins
can no longer be seen when increasing more the allowed
maximum length of streamlines, as seen on the right panel.
Figure 2 displays the segmentation of n velocity field on
three X-Y slices centered on Z= 0 Mpc/h. In this test, the
integration step ∆τ is modified: from left to right ∆τ = 15.6
Mpc/h, 3.1 Mpc/h, 0.4 Mpc/h. On the left panel, the large
integration step leads to grainy patterns within basins, and
the inability to identify small-scale basin. The middle and
right panels show that the grainy patterns vanish when de-
creasing ∆τ. In the middle panel, such patterns can still be
observed for example at the location (X,Y) = (50, 25)Mpc/h,
(150, 50) Mpc/h and (190,−190) Mpc/h. However these pat-
terns are not visible anymore in the right panel. Moreover,
the smallest basins that were not identified in the left and
middle panels are now detected in the right panel: for ex-
ample around (X,Y) = (−50, 150) Mpc/h in yellow, (50,−150)
Mpc/h in purple and at (−175,−100) Mpc/h in green and
yellow.
Figure 3 presents how the segmentation of the z=0 SMD
velocity field is affected by the choice of a pre-set parame-
ter corresponding to the threshold in the maximum number
of streamlines ending in a voxel ns,max required to define a
gravitational basin. On each panel, a X-Y slice centered on
Z= 0 Mpc/h is displayed. Similarly to Figures 1 and 2, the
colored regions represent the 2D projection of segmented
basins of attraction. Voxels that do not belong to any basin
of attraction are colored in black. From left to right, differ-
ent values of ns,max are considered when looking for local
maxima : ns,max = 5, 5, 000 and 50, 000 streamlines. One can
see, on the left panel, that a low threshold allows to identify
all basins of all scales. However, the middle and right panels
show that increasing the threshold prevents the algorithm to
detect the small-scale basins: 3% and 42% of the grid is not
segmented when ns,max = 5, 000 (middle) and 50, 000 (right)
respectively.
3.1.2 Parameter selection
We saw above how the space segmentation obtained from the
SMD velocity field varies according to algorithmically preset
values. However, the panels of Figure 4 show the evolution
of the number of basins Nb identified by the segmentation
method as a function of these three parameters: the maxi-
mum length of streamlines ls, the Runge-Kutta integration
step ∆τ and the threshold in number of streamlines ns,max,
from left to right respectively. The number of basins con-
verge to Nb = 647 from ls = 312.5 Mpc/h, ∆τ = 0.8 Mpc/h
and ns,max = 5. This convergence allows to pursue tests of
the possible watersheds evolution with redshift in Section 4.
3.1.3 Smoothing scale
The gravitational basins identified in a given velocity field
may also depend on parameters that are not directly re-
lated to the numerics of the segmentation algorithm de-
scribed above in Section 2. For example, the partition of
a given velocity field also depends on the scale of the Gaus-
sian smoothing of the velocity field. This is a physical choice,
not a numerical one.
Figure 5 shows how the segmentation evolves with the
smoothing scale applied on the SMD velocity field: rs = 1.50
Mpc/h, 3 Mpc/h, 5 Mpc/h, 7.50 Mpc/h, 10 Mpc/h, 12.5
Mpc/h and 15 Mpc/h from left to right, and up to down.
We note that the size of a CIC grid cell sets the smallest
smoothing we may test, 1.5Mpc/h. In principle the largest
smoothing scale is set by the size of the box, but would be
trivial to test.
The three panels display the same X-Y slice centered
on Z= 0 Mpc/h. Each colored (expect black) filled region
correspond to a single basin of attraction identified by our
segmentation code. As expected, it is clear that a larger
smoothing scale leads to larger gravitational basins, while a
small rs allows the identification of small-scale features.
MNRAS 000, 1–9 (2019)
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Figure 1. Change of gravitational basins when varying the maximum allowed length of streamlines ls . All three panels represent XY
slices in Supergalactic Cartesian coordinates, centered on SGZ= 0 Mpc/h of the Small Multidark Simulation at z=0. Each colored
enclosed surface corresponds to the 2D projection of a basin of attraction identified automatically by our segmentation methodology.
Three different maximum length of streamlines are considered from left to right : ls = 7.8 Mpc/h, 78.1 Mpc/h and 468.8 Mpc/h.
Figure 2. Variations in watersheds partitions according to the computationally preset streamlines integration step ∆τ. All three panels
represent XY slices in Supergalactic Cartesian coordinates, centered on SGZ= 0 Mpc/h. Each colored filled isocontour (imprint, surface)
corresponds to the 2D slice thru a basin of attraction identified by our segmentation methodology. Three different Runge-Kutta integration
steps are considered: ∆τ = 15.6 Mpc/h, 3.1 Mpc/h, 0.4 Mpc/h from left to right.
We note that unlike convergence tests (e.g. Fig. 4) which
can be used to pick algorthmic parameters, the adopted
smoothing scale on which basins are computed must be phys-
ically motivated and remains dependent on the question one
wishes to ask.
3.2 Cosmic evolution of basins
This section is dedicated to the study of the cosmic evolution
of gravitational basins. Snapshots representing the SMD ve-
locity field at different redshifts z have been selected in order
to analyze how the basins evolve with time: z = 2.89, 2.48,
2.14, 1.44, 1.00, 0.74, 0.51, 0.40, 0.29, 0.20, 0. The seven
smoothing scales rs considered above in Section 3.1.3 are
considered throughout this section.
The segmentation obtained for the SMD velocity field
for two different redshifts is displayed in Figure 6. The left
panel corresponds to z = 2.89 while the right panel corre-
sponds to z = 0. In both cases the velocity field is smoothed
with a scale rs = 5 Mpc/h. The segmentation of both ve-
locity fields is very similar. The shapes of the basins are
nearly identical (see for example the pink basin located at
(X,Y)=(50,150) Mpc/h). The fact that structures become
more contrasted with time may explain the small differences.
Despite the fact that the density and velocity fields are less
contrasted at z = 2.89 than at z = 0, the similarity in the
appearance of the basins at these two redshifts is an indi-
cation that the smoothing choosen, 5Mpc/h is well above
the scale of non-linearity (e.g. see Libeskind et al. 2014) and
thus linearizes the fields.
Figure 7 shows the number of basins of attraction iden-
tified in the simulation as a function of the smoothing scale
MNRAS 000, 1–9 (2019)
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Figure 3. Test of the computational pre-set parameter corresponding to the threshold in the maximum number of streamlines required
in order to define a basin. From left to right: 5, 5,000 and 50,000. For reference this is Snapshot 088 of the Small Multidark Simulation
with an applied spatial gaussian smoothing of 1.50 Mpc/h. The right panel shows that larger watersheds are identified when looking for
the highest concentrations of streamlines in space.
Figure 4. From left to right: number of basins as a function of the maximum streamline length, Runge-Kutta integration step and
threshold in number of streamlines to define a watershed. In all plots the number of converge to 647 at the following values: ls = 312.5
Mpc/h, ∆τ = 0.8 Mpc/h and ns,max = 5. These values are the ones used for the next section analysis with varying redshifts. For reference
these plots are made with the SMD velocity field at z = 0 and with an applied spatial Gaussian smoothing of 1.50 Mpc/h.
rs. The scattered points are colored depending the the red-
shift considered from z = 2.89 in blue to z = 0 in red. First,
this figure shows that the number of basins in a given ve-
locity field decreases when the smoothing scale rs increases,
irrespective of redshift. This is expected as we saw above in
section 3.1.3 that the gravitational basins get larger as the
smoothing scale increases (also see Figure 5). Secondly, one
may notice very little dependence in redshift. The largest
scatter between the different redshifts can be observed for
the smallest rs, however this scatter disappears as rs in-
creases. This means that approximately the same number
of basins are identified for the same rs, regardless of the
redshift. Again this is not unexpected. Smoothings that are
large enough such that the rms of the normalized density
field is greater unity (i.e. ρ/ρmean > 1) will result in identical
basins, albeit of different density contrasts.
Figure 8 displays the mean density in basins as a func-
tion of the smoothing scale rs. Similarly to Figure 7, the
color-code represents the redshift. The scattered points cor-
respond to the median of all basins identified in the SMD
velocity field at given rs and z, while the error bars cor-
respond to one standard deviation of the volume weighted
density distribution. For greater clarity, scattered points of
the same smoothing scale rs are slightly shifted and centered
on their corresponding value of rs. One can observe that, re-
gardless of the redshift and the smoothing scale, basins of
attraction have a mean density slightly above 1. The stan-
dard deviation of the density field is however strongly red-
shift dependent - since the density field is more contrasted
at lower redshifts the standard deviation is higher. In other-
words: larger smoothings at low redshifts result in standard
deviations of the normalized density field that are equal to
that of smaller smoothings at higher redshifts.
One can also study the properties of basins, such as
MNRAS 000, 1–9 (2019)
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Figure 5. Gravitational basins and smoothing scale rs . The seven panels display the same SGX-SGY slice centered on SGZ= 0 Mpc/h.
Each colored (expect black) filled isocontour correspond to a single basin of attraction identified by our segmentation code. The segmen-
tation algorithm has been applied to the SMD velocity field smoothed with six different rs : rs = 1.50 Mpc/h, 3 Mpc/h, 5 Mpc/h, 7.50
Mpc/h, 10 Mpc/h, 12.5 Mpc/h and 15 Mpc/h from left to right and up to down.
Figure 6. Cosmic evolution of basins of attraction. The right and left panels represent the same X-Y slice centered at Z=0 Mpc/h, at
redshifts z = 2.98 and z = 0 respectively. As usual, each colored enclosed surface corresponds to the 2D projection of a basin of attraction
identified automatically by our segmentation algorithm.
their mass and their mass function. Figure 9 shows, as a
function of the mass of the basins of attraction segmented,
the cumulative sum of the mass of basins (normalized by
the total mass in the simulation); namely the fraction of the
Universe’s mass locked up in basins less than a given mass.
The color code represents the smoothing scale rs considered.
The solid lines of the same color correspond to velocity fields
with the same rs but at different redshifts. Since these are
nearly identical, we haven’t displayed them with different
line styles. One can see that lines of the same rs overlap.
The cumulative mass function of basins of attraction is inde-
pendent of the redshift. This is an important result - basins
are essentially timeless structures. Again a dependence in
the smoothing scale is seen: a large rs leads to more massive
basins of attraction. On the smallest scales half the mass
of the universe is in basins smaller than around 1016M,
while on the largest scales half the mass of the Universe is
in basins smaller than 1018M. At a given smoothing we are
thus able, for the first time, to quantify whether a basin is
“big” or “small”.
MNRAS 000, 1–9 (2019)
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Figure 7. Number of basins of attraction identified in the SMD
velocity field as a function of the smoothing scale rs . The scat-
tered points are colored depending the the redshift considered
from z = 2.89 in blue to z = 0 in red. The shapes of the basins do
not evolve with time.
Figure 8. Mean density in basins as a function of the smooth-
ing scale rs . The color-code represents the redshift. The scattered
points correspond to the median of all basins identified in the
SMD velocity field at given rs and z, while the error bars corre-
spond to one standard deviation of the volume weighted density
distribution. For the sake of clarity, scattered points of the same
smoothing scale are slightly shifted and centered on their corre-
sponding value of rs .
Figure 9. Cumulative sum of the mass of basins (normalized
by the total mass) as a function of the mass of the basins of
attraction segmented. The color code represents the smoothing
scale rs considered. The solid lines of the same color correspond
to velocity fields with the same rs but different redshifts.
The number of basins with an enclosed total mass less
than a given mass M is shown in Figure 10 as a function of
the value of M. The color code is the same as the previous
figure. Different colors stand for different smoothing lengths
rs and overlapping solid lines of the same color correspond
to the partitioning of velocity fields with the same rs value
but different z. The shape of the distribution depends highly
on the value of the smoothing length considered: there are
fewer total number of basins and these become more massive
as rs increases. However the dependence in redshift is very
low as the lines corresponding to the same rs more or less
overlap, showing that basins have comparable masses from
one redshift to another, i.e the mass of basins stay unchanged
with time. We do note however that at a given rs there
is some differences, as a function of z for the total basin
number.
Figure 11 shows another way to visualize the depen-
dence of the distribution of basin mass on the smoothing
scale. The mass of basins of attraction at three levels of
the cumulative sum shown in Figure 11 is displayed as a
function of the smoothing scale rs. Here we show the me-
dian basin mass and the 90 percentile interval namely, the
mass of basins whose sum contains 5 percent of the total (in
blue), 50 percent of the the total (in black) and 95 percent
(in green).
4 CONCLUSION
The methodology considered in this paper and introduced
previously in Dupuy et al. (2019) proposes a natural way
of defining large scale structures as segmented volumes of
universe. These volumes are dynamical gravitational basins
MNRAS 000, 1–9 (2019)
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Figure 10. Number of basins enclosing a total mass under a
given threshold mass M as a function of M . Different smoothing
scales are considered and represented by different colors (see color
code). Solid lines of the same color correspond to velocity fields
with the same rs but different z.
computed using the peculiar velocity field of galaxies in cos-
mological numerical simulations.
This paper studies in detail the methodology of Dupuy
et al. (2019) with extensive analysis regarding the nature
of basins of attractions in the ΛCDM Universe. To do so,
the Small Multidark simulation (400Mpc/h box with 38403
Dark matter particles) has been examined. The various algo-
rithmic parameters involved in the segmentation algortihm
have been tested on the simulation’s velocity field at z = 0,
as well as the effect of the Gaussian smoothing scale. It has
been found, unsurprisingly, that the partitioning of a veloc-
ity field depends on the choice of the algortihmic parame-
ters. However, we have identified values of the algorithmic
parameters for which the number and the shapes of basins
converge, which thus allows a sensible non arbitrary choice
of parameters.
The segmentation is highly dependent with the smooth-
ing scale: as the smoothing scale increases, less basins are
identified as they become larger and more massive. This is
a physical consequence of smoothing and can be selected
depending on the problem at hand.
The cosmic evolution of gravitational basins has also
been explored. The properties of basins of attraction have
been examined at various redshifts from z = 0 up to z = 2.89.
Unlike the smoothing scale, no significant dependence in
redshift can be seen regarding the number of basins. Even
though a larger scatter can been seen at smaller smoothing
scales, the number of basins, as well as their mean density
and their mass, do not evolve with time. Again, this is ex-
pected as basins of attraction are theoretically envisioned to
be “timeless” entities set by the initial conditions.
The series of tests conducted here considers velocity
fields at several redshifts up to 2.89 only, from a ΛCDM
Figure 11. Mass of basins of attraction at three levels of the
cumulative sum shown in Figure 9 is displayed as a function of
the smoothing scale rs : 5% of the total mass in blue, half of the
total mass in black and 95% in green.
simulation. Additional tests could be pursued at higher red-
shift, along with applications to simulations of various cos-
mological models (for example WDM, etc.). Furthermore it
is of great interest to see how the nature of a single basin
changes if the sampling of the velocity field is degraded.
For example, in this paper we have worked with the “true”
velocity field as determined by a CIC directly from the par-
ticle distribution. How would it look if the velocity field was
computed from halo velocities? how would it look if the sam-
pling of halo velocities was finer or poorer? If it were homo-
geneously sampled or if the sampling included observational
biases (such as zone of avoidance, magnitude limits, etc). We
leave these questions to a future work. One could also envis-
age the possibility to measure cosmological parameters, such
as the growth rate of large-scale structure, with the help of
the segmentation methodology and gravitational basins.
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